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Abstract
Dimensionality Reduction (DR) is frequently employed in the predictive modeling process
with the goal of improving the generalization performance of models. This paper takes a design
science perspective on DR. We treat it as an important business analytics artifact and investigate
its utility in the context of binary classification, with the goal of understanding its proper use
and thus improving predictive modeling research and practice.
Despite DR’s popularity, we show that many published studies fail to undertake the necessary
comparison to establish that it actually improves performance. We then conduct an experimental
comparison between binary classification with and without matrix-factorization-based DR as a
preprocessing step on the features. In particular, we investigate DR in the context of supervised
complexity control. These experiments utilize three classifiers and three matrix-factorization-
based DR techniques, and measure performance on a total of 26 classification tasks.
We find that DR is generally not beneficial for binary classification. Specifically, the more
difficult the problem, the more DR is able to improve performance (but it diminishes easier
problems’ performance). However, this relationship depends on complexity control: DR’s benefit
is actually eliminated completely when state-of-the-art methods are used for complexity control.
The wide variety of experimental conditions allows us to dig more deeply into when and
why the different forms of complexity control are useful. We find that L2-regularized logistic
regression models trained on the original feature set have the best performance in general. The
relative benefit provided by DR is increased when using a classifier that incorporates feature
selection; unfortunately, the performance of these models, even with DR, is lower in general. We
compare three matrix-factorization-based DR algorithms and find that none does better than
using the full feature set, but of the three, SVD has the best performance.
The results in this paper should be broadly useful for researchers and industry practitioners
who work in applied data science. In particular, they emphasize the design science principle
that adding design elements to the predictive modeling process should be done with attention
to whether they add value.
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1 Introduction
This is a design science paper (Hevner et al. 2004) which deeply explores the role of matrix-
factorization-based Dimensionality Reduction (DR) in the predictive modeling process. Via a
review of literature where DR is utilized for predictive modeling, we contextualize DR as a techno-
logical artifact worthy of detailed analysis: it is popular but seems to be somewhat misunderstood,
and therefore is sometimes used incorrectly. The intended audience for this research is not solely
“big data” researchers or people developing new DR techniques (although our findings are certainly
relevant to that community), but more broadly applied data science researchers and industry prac-
titioners who leverage predictive modeling.
In the business analytics literature on predictive modeling, dimensionality reduction is widely
accepted as a beneficial step in preprocessing and exploring the feature space (however, note that
such use is not restricted to business analytics research; we discuss two examples below from
social media analysis and web security). Shmueli and Koppius (2010) provide a guide to utilizing
predictive modeling in IS research. DR is a prescribed part of their process because, “reducing
the dimension can help reduce sampling variance (even at the cost of increasing bias), and in turn
increase predictive accuracy.” The authors subsequently codify dimensionality reduction as one
of their steps for building a predictive model; however, they do not specify when one should or
should not apply it. Consider another article in Management Science: “Given the large number
of potential demographics available, data dimension reduction is an important factor in building a
predictive model that is easy to interpret, cost effective, and generalizes well” (Kim et al. 2005).
These two quotes summarize the main reasons to use DR in predictive modeling. Most impor-
tantly for our purposes, it can improve predictive performance by reducing error due to variance
(for now, we will set aside other benefits, such as interpretability and reduced processing time).
The two overlapping alternatives to matrix-factorization-based DR that accomplish the same goal
(and are frequently used in conjunction with it) are supervised regularization and feature selection.
We will investigate the effect of DR in the context of these methods of complexity control as well as
use them as a basis for comparison. That is to say, the baseline models we will compare against will
not be “vanilla” (unregularized) models, since these are not commonly used. We will be comparing
against models that leverage some form of supervised complexity control, as well as investigating
2
Clark and Provost: Dimensionality Reduction in Predictive Modeling
Working paper CBA-16-01
the interactions between DR and various forms of regularization.
Despite DR’s popularity, there is some evidence that there is a lack of clarity when deciding to
apply it or not. Consider the intriguing recent paper by Kosinski et al. in PNAS (Kosinski et al.
2013). The authors demonstrate that it is possible to predict important and sensitive personal
traits of individuals using only the items that they have Liked on Facebook. Users can indicate
support for a wide variety of content items, including media, brands, Facebook content, people,
and statements by Liking them. A key part of the authors’ methodology employs the process this
paper studies: conduct DR (via SVD) on the user-Like matrix before building logistic regression
models using the resulting reduced-dimensional features to predict the desired traits.
Consider as a second example a paper published in the most recent proceedings of the top
data science conference: it uses both website text and network characteristics to identify sites that
sell counterfeit and black-market goods such as pharmaceuticals (Der et al. 2014). Again, they
apply exactly the procedure we study (and that is prescribed in the aforementioned papers). The
original feature count for describing the websites is about 65,000; after applying DR the authors
find that most of the variance in the features can be accounted for using only 72 of the reduced
dimensions. They then build predictive models on the resulting reduced-dimension space to classify
sites, reporting high precision and recall.
Both of these data sets initially might appear to be ideal candidates for DR: the dimensionality
is very high, the instances are largely sparse, and the data intuitively seem like they ought to
contain latent information that could be captured via dimensionality reduction; therefore, there
would seem to be a large potential benefit to reducing the sampling variance. However, neither of
these papers assesses whether using DR actually improves the predictive performance; indeed, for
all we know, the predictive performance might have been better without the added complexity of
the DR. A natural question is whether the same (or better) performance could have been achieved
with supervised regularization alone, which would thus simplify the predictive modeling process.
As the process described in our examples—building a predictive model on the dimensions result-
ing from DR via matrix factorization—has become common both in prescriptions in the literature
and in predictive modeling practice, it is important to examine it closely from a design science
perspective. Thus, our main contribution is an experimental comparison in the context of state-
of-the-art complexity control techniques, across a suite of 26 real-world binary classification tasks,
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using three different matrix-factorization-based DR methods (Singular Value Decomposition, Non-
negative Matrix Factorization, and Latent Dirichlet Allocation) and three classification algorithms
(L2-regularized logistic regression, L1-regularized logistic regression, and Random Forests).
This comparison broadly shows that DR tends to hurt more than help predictive performance
for binary classification problems. Therefore, using DR without assessing whether it is adding
value is a mistake—one that numerous studies published in top journals have made!1 The primary
conclusion we draw from our results is a basic design science lesson: one should assess a method
like DR that adds complexity to the predictive modeling process to ensure that it adds value.
Additionally, the empirical study yields five specific conclusions about DR for predictive modeling:
1. The harder the binary classification problem, the more using DR will improve performance.
For easier problems, DR tends to reduce performance versus the original features.
2. DR’s advantage is eliminated in the context of problem-specific regularization (complexity
control hyperparameters chosen using nested cross-validation). Thus, supervised regulariza-
tion is more effective than MF-based DR for reducing predictive error due to variance via
complexity control—we find that performing regularization carefully does not reduce predic-
tive performance, even on easier problems.
3. DR has a greater relative advantage when used in conjunction with classifiers that lever-
age some form of internal feature selection; unfortunately, such classifiers tend to perform
relatively poorly, even with DR.
4. The results are not limited to one form of matrix-factorization-based DR. Of the three, SVD
is generally the best-performing, and so if it is necessary or desirable to utilize DR for other
reasons, SVD is a solid default method to use.
5. Of the 12 feature set/classifier combinations in our experiments, L2-regularized logistic re-
gression models trained on the original full feature sets had the best performance. Therefore,
full-feature L2-regularized logistic regression with the regularization hyper parameter chosen
via nested cross-validation is a strong baseline for use with this type of data.
1While the predictive performances in cited papers are very strong, and thus we are not calling into question the
conclusions of their studies, they may be improved with the methodological change of not reducing the dimensionality
of their feature space at all.
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We mostly limit this experimental comparison to large, sparse data and binary classification
tasks. Specifically, we focus on the very large, sparse behavioral data now common in business
applications. Similarly to the motivating examples listed above, such data might seem to be ideally
suited for DR’s use. Further, the main focus of the paper is on binary classification (rather than
numerical regression or multi-class classification). Since the primary contribution of the study is
the lesson that one should carefully consider whether to apply DR (especially in the context of
regularization), depth is more important than breadth. We are not claiming that DR will never
help—but that we can show an important class of problems where it does not seem to and that
researchers don’t seem to understand that well.
Thus, the implications of this research to researchers and practitioners are clear. It is crucial
to be careful when utilizing DR to improve predictive modeling performance; careful regularization
is key and generally much more effective for complexity control. That is: the added complexity of
the DR stage in the predictive modeling process may well be unnecessary for improving predictive
performance and indeed may be reducing performance. Predictive modelers should take the tenets
of design science seriously, keep in mind the principle of Occam’s Razor, and perform lesion studies
(Langley 2000) in order to ensure that analytics systems are exactly as complex as they need to
be, and no more so. Introducing extraneous components will at best increase processing time, and
at worst can result in worsened performance.
2 DR’s Role in Predictive Modeling
Let us clarify what we mean in this paper by predictive modeling. We specifically refer to using
models induced from data to predict a predefined target variable.2 The relative success of these
models is assessed by computing some measure of generalization performance. Thus, as opposed
to models whose purpose is to estimate the degree to which various covariates cause changes in the
target variable, here we will focus solely on doing a good job of predicting the value of the target.
Predictive modeling is important both for research and for practice. The aforementioned study by
Shmueli and Koppius explains the variety of ways in which predictive modeling can be valuable
for scientific research. For many business applications, it’s useful to have an accurate prediction
2Predict here can refer to an estimation of the value of any variable for which we don’t know the value, not just
events that may happen in the future (Provost and Fawcett 2013).
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for some phenomenon in order to take actions more cost-effectively. As mentioned above, DR is
important in predictive modeling as a potential method for improving predictive performance.
There are two ways of accomplishing DR (Guyon and Elisseeff 2003, Liu and Motoda 1998):
feature selection and feature engineering. Feature selection involves choosing existing features based
on some criteria: examples include sequential forward selection, selecting the top information-
gain features, and modeling techniques that incorporate feature selection internally, such as L1-
regularization or tree-structured models (Guyon and Elisseeff 2003). Feature engineering in this
context means creating new features using the existing ones. This can be done by modifying or
combining the existing features, or by employing a dimensionality reduction algorithms: matrix-
factorization-based techniques such as SVD or NMF (Shahnaz et al. 2006), nonlinear techniques
such as LLE (Roweis and Saul 2000) and Isomap (Tenenbaum et al. 2000), and clustering-based
techniques techniques (Dhillon et al. 2003). In this paper, we focus chiefly on Matrix Factorization
(MF) techniques such as SVD.
Ostensibly, there should be no theoretical reason to focus on one form of DR. There have been
numerous reviews and comparisons of DR techniques (Guyon and Elisseeff 2003, Liu and Motoda
1998), including some that focus chiefly on feature engineering techniques (Van der Maaten et al.
2009) and others that focus on feature selection methods (Blum and Langley 1997, Saeys et al.
2007, Forman 2003). Why, then, do we limit our analysis to an exploration of MF-based feature
engineering techniques in particular? First, the analysis in this paper situates MF within the
predictive modeling process, which frequently also directly incorporates some form of supervised
complexity control such as L1 or L2-based regularization. Therefore, we treat MF-based DR as
a separate component to be evaluated in the context of different types of regularization. That
is, there is no need to choose between feature selection and DR for complexity control and it is
common to do both (Kosinski et al. 2013).
Second, MF has a long history of use in predictive modeling by industry and research prac-
titioners across many domains, including text classification (Yang 1995), facial image recognition
(Turk and Pentland 1991), network security (Xu and Wang 2005), neuroscience (Lo´pez et al. 2011),
and social network analysis (Kosinski et al. 2013). Crucially for our intended audience of applied
data science researchers and industry practitioners, popular software packages such as Python and
MatLab contain off-the-shelf implementations of MF techniques for large, sparse data sets that
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can be seamlessly integrated within the predictive modeling framework. This is not necessarily the
case for other classes of techniques. Further, MF techniques have historically been highly effective
in slightly different but related contexts such as collaborative filtering, information retrieval, and
image processing. Therefore, there may be some confusion about the extent to which they are
useful in any given predictive modeling context.
2.1 Matrix-Factorization-Based DR: General Background and Notation
Assume that we have n data instances, each composed of the value for a binary target variable
that we would like to predict, as well as the values for d attributes arranged in a feature vector.
Each instance u has a positive association with at least one feature i. Assume that this association
is binary. Therefore, the data can be represented as an n × d binary matrix A such that Aui = 1
when u is associated with i and 0 otherwise, plus a target vector y where yu ∈ {0, 1}.
To give a motivating example, an instance might be a Facebook user where each attribute
represents one item that she might Like. Facebook Likes are defined in the aforementioned study
by Kosinski et al. as “a mechanism used by Facebook users to express their positive association with
(or “Like”) online content, such as photos, friends’ status updates, Facebook pages of products,
sports, musicians, books, restaurants, or popular Web sites.” We can represent each user’s feature
vector as being 1 where the user has Liked the corresponding item and 0 otherwise. We want to
predict demographic traits (such as gender) or psychographic traits (such as intelligence) using this
Like information. To predict, say, gender, A and y would thus be defined as
Aui =

1 if u Liked i
0 else
,yu =

1 if u is female
0 else
Assume that we utilize a MF-based technique to reduce the dimensionality of A. The resulting
factorization is thus
A ≈ LkRk (1)
The k columns of Lk can be viewed as “latent factors” underlying the original data. Each in-
stance will have a representation in the new k-dimensional space captured by Lk. The corresponding
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rows of the k × d matrix Rk are sometimes referred to as the “loadings” of the components, rep-
resenting how strongly each data instance is associated with each latent factor. Once the matrix
factorization has been computed, the resulting latent factors may be used as features in a predictive
model. Section 4.2 discusses the specific MF techniques we use and their implementations.
3 Literature Review: Applications of DR for Predictive Modeling
Practitioners and researchers should understand the proper theoretical or empirical rationale behind
why they are choosing to utilize a particular modeling technique, including DR, for a particular
modeling application. In this section, we provide the context behind DR’s use in the predictive
modeling process, and establish that it is both commonly used and perhaps misunderstood. We
find that there is a substantial amount of predictive modeling research which employs DR absent
any explicit rationale (theoretical or empirical) for doing so. The empirical results in Section 5
further support the necessity for establishing such a rationale and for careful comparison.
3.1 Why Dimensionality Reduction?
Dimensionality reduction, in the very broadest sense, can be defined as a class of methods which
reduce the size of the feature set used for modeling. In this paper we will consider dimensionality
reduction to be beneficial if a predictive model built using the reduced space as features has superior
predictive performance to a model built using the original features. The literature provides a strong
theoretical basis for why we think this might happen.
Famously, dimensionality reduction can be employed to overcome the “Curse of Dimensionality”
(Bellman 1961), which can manifest itself in numerous ways. In particular, traditional statistical
modeling techniques break down in high-dimensional spaces. Techniques which depend on mea-
suring similarity of instances fail since no two instances appear similar in high-dimensional space
(Domingos 2012). Some algorithms have been developed that overcome this “Curse” (Gionis et al.
1999); however, DR can also be applied to the data. To avoid overfitting in these cases, this
reasoning is commonly employed in papers that use such data.3
The second, related theoretical foundation for why DR may help in predictive modeling draws
3See (Lo´pez et al. 2011), (West et al. 2001), and (Burl et al. 1994) for a few examples.
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on the bias/variance tradeoff in predictive error (Friedman 1997). That is, that by reducing dimen-
sionality, we reduce training variance at the cost of introducing some bias. The hope is that the
overall error will be diminished (Shmueli and Koppius 2011). DR and other forms of complexity
control improve predictive performance by trying to exploit this tradeoff (Friedman 1997, Scharf
1991, Domingos 2012, Kim et al. 2005). Feature engineering more generally may also try to reduce
bias, usually at the expense of increased variance.
There are other reasons to compute dimensionality reduction besides improving predictive per-
formance. While we do not consider accomplishing these tasks within the scope of this paper, they
are well-explored in the literature and worth mentioning in the service of understanding dimension-
ality reduction as a design artifact. They are also frequently mentioned in papers where the main
goal is predictive accuracy, whether as a side benefit or an additional objective. Delineating among
these reasons is crucial since it may be necessary to trade off among goals. Being knowledgeable
and cautious about these tradeoffs will hopefully lead to better use of DR.
DR can be used as a tool to compress large data sets, whether to save space or time (Thorleuchter
et al. 2012); however, these methods are time consuming to compute and generally result very dense
matrices (which, even with reduced dimensions, are likely to be larger in terms of storage space than
the original feature matrices, if they are very sparse). Methods such as feature hashing (Shi et al.
2009) and random projections (Achlioptas 2001) provide ways of randomly selecting or combining
the original data. They are designed to reduce the size of data sets, are fast to compute, and
sometimes come with theoretical bounds on the amount of information lost due to compression
(Shi et al. 2009, Achlioptas 2001), but are generally not employed to improve predictive accuracy.
A final reason to compute DR is to detect interpretable latent structure in data. This can be
important if it is necessary to explain the features in the model, perhaps to a domain expert or
manager. Additionally, the latent factors can be an end goal themselves. Thus, DR can be seen as
a way of preprocessing the data to visually inspect it, as described in Westad et al. (2003).
3.2 (Mixed) Empirical Evidence from Predictive Modeling
As we will see in the papers discussed below, there is the perception that doing dimensionality
reduction is generally a good idea for predictive modeling. Matrix factorization is very popular
and successful in some fields closely related to predictive modeling, especially for large sparse
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data. In particular, DR is especially commonly used in image processing (Turk and Pentland
1991), information retrieval (Deerwester et al. 1990), and collaborative filtering (Adomavicius and
Tuzhilin 2005). These three fields share a commonality with the business analytics problems that
we are particularly interested in: they all use high-dimensional data sets with individual features
that might not contribute much information individually. Thus, the perception that DR is helpful
for predictive modeling may be based in part on its success in those fields; however, these settings
are not identical to predictive modeling.
There have been some papers in which a model built on a reduced-dimensionality feature set
has been shown to achieve better generalization performance than a model built using the original
features. Several of these papers have the objective of demonstrating the usefulness of one or
more particular dimensionality reduction methods. Specifically, the dimensionality reduction is
introduced: to reduce the noisiness of data (Ahn et al. 2007); to uncover latent meaning in the
data (Whitman 2003, Blei et al. 2003); to overcome poor features (as in images) (Subasi and
Ismail Gursoy 2010); to combat polysemy and synonymy, as in information retrieval (Karypis and
Han 2000); or to speed up the modeling (Fruergaard et al. 2013). Other papers mention that a
comparison has been undertaken but do not explicitly state the results (West et al. 2001).
Note, however, that none of these papers mentions that the predictive modeling used state-of-
the-art methods for complexity control, as discussed above in Section 1. Without good complexity
control, improved generalization performance may simply be due to the dimensionality reduction
acting as a regularization mechanism—and being compared to poorly regularized modeling. We
explore this further below in Section 5.
On the other hand, there are papers that demonstrate dimensionality reduction for predictive
modeling performing worse than not using DR, such as Raeder et al. (2013) and Xu and Wang
(2005). Others report that DR resulted in mediocre performance (Guyon et al. 2009). Most
tellingly, however, is the aforementioned survey by van der Maaten et al. of linear and nonlinear
dimensionality reduction techniques. This survey utilized both “natural” and “synthetic” data
sets.4 They found that on the majority of their “natural” datasets, classification error was not
improved by doing any form of dimensionality reduction on the feature space. However, they hedge
4Their results differ from ours, below, in that (i) they do not use sparse behavioral data, (ii) their datasets are
limited in size to fewer than 10,000 instances, and (iii) they do not use state-of-the-art methods to choose the size k
of the reduced space, a key limitation.
10
Clark and Provost: Dimensionality Reduction in Predictive Modeling
Working paper CBA-16-01
their bets by explaining this as likely being due to an incorrect choice of k.
Beyond this mixed evidence, we find many papers that apply dimensionality reduction to their
feature sets without explicitly mentioning a comparison to models built on the original feature
sets. It is important to note that there are reasons not to just do DR automatically, even ignoring
the effect on predictive performance. The various methods for DR are very time consuming and
computationally expensive. It also can obscure interpretability of the original features (latent
factors are not guaranteed to be interpretable!). While some of these papers do give rationale for
using DR, it is not certain that they are building the best models that they can (and therefore
obtaining the strongest results possible) by ignoring this comparison.
While these latter papers do not mention an empirical comparison between DR and no-DR
feature sets, some do provide a rationale. The reasons are generally the same that we have en-
countered before: to reduce the noise in the data (Hu et al. 2007); to make the dimensionality
of the space more tractable (Thorleuchter et al. 2012, Coussement and Van den Poel 2008); or to
reduce the computational expense of modeling (Tremblay et al. 2009). Sometimes DR is employed
in the context of “side benefits” such as aiding in interpretation of a model (Khan et al. 2007) or
speeding up prediction time (Lifshits and Nowotka 2007). Others do not provide either empirical
or theoretical justification for applying DR to their feature sets (Kosinski et al. 2013, Cai et al.
2013, Der et al. 2014, Arulogun et al. 2012).
4 Experimental Test-Bed
So far, we have shown that there is mixed evidence in the literature regarding the efficacy of dimen-
sionality reduction for improving performance in predictive modeling. We have also shown that it
is a reasonably popular data pre-processing technique, to the extent that numerous papers utilize
it without any empirical justification. Here, we carry out an empirical comparison on one collec-
tion of binary classification problems based on sparse behavioral data, found in the aforementioned
paper by Kosinski et al. The thrust of their research is that private traits can be predicted better
than at random using Facebook Likes. Our intention here is not to critique these existing (strong)
results, but to use the domain as a testbed of multiple, real predictive modeling problems using the
sort of sparse behavioral data that is increasingly seen in business analytics applications. In the
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process, we demonstrate that the results can be strengthened by not employing DR at all, as DR
broadly tends to reduce predictive performance. Additionally, for research where results depend on
prediction quality, the implication is that caution should be exercised when considering applying
dimensionality reduction, since it may decrease predictive performance.
4.1 The Data
We recap the details of data collection from the Kosinski et al. paper. They collect data via a
Facebook application that allows users to take personality tests and also makes the users’ Likes
and profile information available to the researchers. Thus, they can formulate a user-Like matrix A
such that Aij = 1 if user i Liked item j. They have generously made the resulting user-Like matrix
as well as the personality test results and anonymized profile information available to researchers.
In their paper, the user-Like matrix includes all users who have Liked at least 20 items and all
Likes that have been Liked by at least 2 users, yielding n = 58, 466 users and d = 55, 814 Likes.
The data have been incrementally updated since publication of their results. Therefore, our data
have larger n and d than what is in their paper, specifically n = 211, 018 users and d = 179, 605
Likes. The corresponding matrix contains roughly 35 million unique user-Like pairs, resulting in
a matrix with 99.91% sparsity (meaning .09% of the entries in the matrix are filled). The average
user Liked 195 items and the average Like was Liked 166 times.5
We replicate the authors’ predictions for all of the binary target variables. These include “single
vs. in relationship”, “parents together at 21”, “smokes cigarettes”, “drinks alcohol”, “uses drugs”,
“Caucasian vs. African American”, “Christianity vs. Islam”, “Democrat vs. Republican”, “gay”,
“lesbian”, and “gender”. Counts for the number of labeled users and Likes for each binary target
can be found in Table 1 of Appendix A. We followed the labeling procedure undertaken by Kosinski
et al. for all target variables except “Caucasian vs. African American,” which was labeled by visual
inspection of profile pictures not available to us; we used values from a different survey item.
Additionally, we included predictions for the numerical variables that they report. In order to
provide a consistent comparison, we binarized all variables by setting a threshold, above which the
target was set to 1, and 0 otherwise. These numerical variables are “satisfaction with life”, “intel-
ligence”, “emotional stability”, “agreeableness”, “extraversion”, “conscientiousness”, “openness”,
5We store this resulting matrix A as a SciPy sparse matrix (Jones et al. 2001–) in Python.
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“density of friendship network”, “number of Facebook friends”, and “age”. Some of the thresholds
for binarization were set based on an intuitive value, such as age ≥ 30; others were set to be the
median or top-quartile value for that variable to ensure variety in base rates. More information on
the various numerical variables and their thresholds can be found in Table 2 of Appendix A.
4.2 Dimensionality Reduction Methods
Kosinski et al. reduce the dimensionality of the user-Like matrix using Singular Value Decompo-
sition (SVD), a massively popular dimensionality reduction method which is widely available in
commonly-used data mining software packages such as Python, MatLab, and R. To the extent that
dimensionality reduction is used in Information Systems research, this is usually the method of
choice (Kim et al. 2005). It has also been used for dimensionality reduction across many other
domains, including text classification (Yang 1995), facial image recognition (Turk and Pentland
1991), network security (Xu and Wang 2005), and neuroscience (Lo´pez et al. 2011).6
SVD is popular for a reason: it has highly desirable properties. The SVD components (some-
times referred to as latent factors) are usually sorted in decreasing order of the amount of sample
variance that they account for in the original data matrix. In many practical applications, most of
the sample variance is accounted for by the first few singular vectors; therefore, it is common to
choose some k << n, d and compute the truncated SVD which consists of the first k singular vec-
tors. Importantly, the resulting truncated SVD matrices can be viewed as representing some latent
structure in the data. Additionally, SVD is computed by optimizing a convex objective function;
the solution is unique and equivalent to the eigenvectors of the data matrix. Thus, a further benefit
of using SVD is that the decomposition can be computed once for the maximum desired k and the
resulting components selected in decreasing order of their value. Because of these advantages as
well as SVD’s popularity, the main experiments in this paper focus on SVD as the DR method.
However, SVD is far from the only DR method used by researchers or practitioners, even
within the class of MF-based DR techniques. These methods do not necessarily come with the
6Van der Maaten et al. (2009) surveyed numerous linear and nonlinear dimensionality reduction techniques across
a variety of classification problems and found that using principal components analysis (PCA) features as input
yielded the best classification accuracy of all of the dimensionality reduction techniques (often in practice PCA and
SVD are used interchangeably). The authors also found that with non-sparse, medium-sized data (up to 10,000
instance), not reducing the dimensionality of the features actually yielded the best performance in the majority of
cases—a finding that we will explore in greater detail below.
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same desirable guarantees as SVD, though. Other methods generally do not have a unique solution;
therefore the resulting components may be different depending on how the optimization algorithm is
initialized. Further, the number of components must be specified a priori : computing factorizations
with different numbers of components will result in completely different components. Additionally,
these components will not be sorted in any order of relevance; all components may account for
equal variance in the data (or be equally relevant to the target variable). Finally, and crucially for
the intended audience of this research, other methods are not as widely implemented in popular
off-the-shelf software packages, especially for sparse data structures. Therefore, for this simple
reason, they are far less useful to business analytics researchers and industry practitioners who
simply want to utilize DR to improve predictive performance, rather than study DR itself.
Of course, every alternative DR method does come with special advantages, and some have
been found to perform well in certain practical contexts (Xing and Girolami 2007, Shahnaz et al.
2006). To ensure that our results are not dependent on the choice of DR method, we also explore
a few additional methods. Non-negative Matrix Factorization (NMF) requires that the resulting
components must be non-negative. This constraint usually results in sparse (and therefore, in-
terpretable) components, and was originally developed for image processing applications (Lee and
Seung 1999). Latent Dirichlet Allocation (LDA) is a generative probabilistic model for matrix
factorization that may capture a more realistic picture of the relationships in the data than SVD
does. It was originally developed for text modeling (Blei et al. 2003). Both have shown promising
predictive performance in certain contexts (Shahnaz et al. 2006, B´ıro´ et al. 2008).
4.3 Dimensionality Reduction Parameters
We compute the SVD of the user-Like matrix using SciPy’s sparse SVD package for Python.
Similarly, we compute the NMF and LDA decompositions using Python’s sklearn package with
default settings. There are two slightly different options for these computations. Only a subset of
the set of users have labels for any task. It is possible to filter A separately for labeled users for
each target variable, then compute the DR of the resulting sub-matrix of A. The other option is to
compute the DR of the entire A matrix, then filter the resulting factors for each target variable’s
labeled values. We use the second option, as it uses the maximum amount of data.
An important computational aspect of using DR in predictive modeling is choosing the optimal
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value for k, the number of components that will be used as features in the model. There is
substantial evidence that utility peaks with a certain number of dimensions.7 In fact, “selection
of number of dimensions” is mentioned as being important in almost every paper that utilizes
dimensionality reduction for predictive modeling, which we discuss below. There is no a priori
way of discovering the optimal number of dimensions. Furthermore, certain recent papers have
indicated that for large-scale problems, the optimal number of dimensions may be very large,
larger than previously considered. This is one area where large, sparse behavioral data may cause
differences from what is traditionally understood in DR application.8
There are numerous ways for estimating the optimal value for k. First: use an operational
criterion; that is, pick the k that optimizes predictive performance on held-out data. Another way
is to rank the singular values (elements of S) and pick the top few based on visual inspection, for
instance, by looking for a “knee” in the singular values (Hoff 2007, Burl et al. 1994).9 It is very
important, however, to consider the troublesome statistical multiple comparisons problem (Jensen
and Cohen 2000) that is inherent to choosing the “best” k after the fact—similarly to how we
would avoid choosing other modeling components by observing their performance on the testing
data. One could choose k by doing some sort of (nested) cross-validation. For instance, Owen
and Perry (2009) show a method for holding out data, computing SVD on the non-held-out data,
and selecting k so as to minimize the reconstruction error between the held-out data and its SVD
approximation. Finally, k can be chosen such that the resulting latent dimensions account for a
predetermined portion of the total variance in the data. This is done by Der et al. (2014), who
select sufficient factors to account for 99% of the variance.
Our experiments include careful selection of this parameter. Kosinski et al. state that they
utilize the top k = 100 components as features for most of the predictive models and k = 30 for
some of the variables for which there is less data. Their selection is based on an operational criterion:
visual inspection of predictive accuracy vs. number of components for a few target variables flattens
out around 100. Since we have more labeled instances than they did we use k = 100 as our default
choice for k in our predictive models.
7For some examples, see Deegalla and Bostrom (2006), Hu et al. (2007), and Coussement and Van den Poel (2008).
8Examples where performance continues to improve past a small number for k can be seen in Sarwar et al. (2000),
Raeder et al. (2013), and (Koren et al. 2009).
9Burl et al. (1994) also use visual inspection of the latent factors themselves, given that the data are images.
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The selection of the number of components is more computationally intensive for the NMF
and LDA factorizations. Because there is not one unique factorization with the factors sorted
in order of relative importance, selecting the number of components requires computing separate
decompositions for every value for k.
4.4 Predictive Methods, Evaluation, and Complexity Control
Kosinski et al. use logistic regression with 10-fold cross-validation to predict the binary target
variables, using the top k = 100 SVD components as inputs. They report the area under the ROC
curve (AUC) as their measure of predictive performance, which is equivalent to the probability that
their model will rank any positive instance higher than any negative instance. To replicate their
results, we do the same, training and evaluating our models using scikit-learn’s Logistic Regression
package in Python (Pedregosa et al. 2011). We also train and evaluate models built on the original
user-Like matrix A. To benchmark our results, we compared our SVD model results to the Kosinski
et al. results. This comparison can be found in Appendix A, Table 1. The AUC’s don’t match
up exactly, which is to be expected due to the updated data; however, they are very close. Since
the goal of these experiments was to do a systematic comparison of SVD features to unreduced
features, minor deviations from results presented in the original paper should not matter.
Training LR (and other types of models) with no regularization can result in overfitting (Provost
and Fawcett 2013), and—importantly for this study—the degree of regularization can greatly im-
pact predictive performance (Bishop et al. 2006). In practice, training a regularized LR model
involves finding the set of weights w that minimizes:10
C
n∑
i=1
log
(
1 + exp
(−yiwTxi))+ ||w|| (2)
The second term in equation (2) is the regularization term: it penalizes the magnitude of a
norm of the weight vector. C is the regularization parameter, which controls the trade-off between
minimizing the logistic loss and the amount of regularization. Thus, higher values of C imply less
10Equation 2 is often written as
n∑
i=1
log
(
1 + exp
(
−yiwTxi
))
+ λ||w||,
where λ is the regularization parameter; however, here we adopt the convention taken by scikit-learn.
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regularization and lower values of C yield more regularization. Either the L1 or L2 norm may
be used. These two types of regularization are known as L1 and L2 regularization, respectively,
and there is an important difference between the two: L1 regularization tends to result in sparse
coefficient vectors, with many of the coefficients set to zero. Thus, L1 regularization functions as
a kind of implicit supervised feature selection (Ng 2004). In fact, the two types of regularization
result in such different results that we treat them separately in our experiments.
Kosinski et al. do not discuss regularization in their paper, but we assume their models use some
form of complexity control since it is not standard practice to use unregularized logistic regression
for binary classification. We begin by using L2-regularization with C = 1 (the default value in
scikit-learn) to validate the performance of our SVD models and for our first set of experiments.
Again, since our experimental results match theirs, this seems to be a reasonable choice.
Careful regularization can dramatically change the results of a regression; therefore, we also
experimented with using a state-of-the-art procedures for selecting the optimal parameter. Specif-
ically, we performed nested cross-validation paired with a grid search to properly optimize and
evaluate the effect of regularization on the performance. Nested cross-validation adds an inner loop
of cross-validation to each of the folds of standard cross-validation. In the inner-loop we do 3-fold
cross-validation to estimate the performance of each parameter combination in our grid. For our
experiments using L2 regularization, C is chosen from {.01, .1, 1, 10}. In the outer loop, a new
model is trained using the parameter combination that yielded the highest AUC from the inner
loop and then is tested on the test data. Thus, the parameter selection is part of the training
process and the test data are not compromised (Provost and Fawcett 2013).
Because of k’s importance to the success of DR, we perform additional experiments that go
one step farther and treat k as a model parameter to be selected using held-out data. In order
to avoid the problem of multiple comparisons and treat the choice of k as part of the training
process, we (A) use nested-cross validation to select k from {50, 100, 200, 500, 1000} within each
fold, while holding C constant to the default setting. Then, for completeness, we (B) select k and
the regularization parameters in a huge round of nested cross-validation, which performs the full
grid search over all combinations of values for C and k and selects the best combination based on
three-fold cross validation within each of the ten outer folds.
L2-regularized LR (which we will abbreviate as L2-LR going forward) is only one among many
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possible predictive algorithms. Because DR methods encompass both feature selection and fea-
ture engineering, it is instructive to investigate the performance of SVD and other MF techniques
in the context of feature engineering algorithms as well as L2-LR. As mentioned above, L1 reg-
ularization implicitly performs feature selection because the optimization performed in training
usually drives many feature coefficients to zero. Another class of methods that effectively incorpo-
rates feature selection is tree structured models. Random Forests is a popular ensemble method
which aggregates numerous tree-structured classifiers each generated from a random subset of the
training examples (Breiman 2001). Tree structured models are developed by performing feature
selection at every stage. Therefore, we also include experiments with L1-LR (varying C among
{.01, .1, 1, 5, 10, 15, 20, 25, 30}) and Random Forests (controlling complexity by changing the pa-
rameter for the minimum number of objects allowed to be in a leaf node for each tree among
{2, 4, 8, 16, 32, 64, 128, 256, 512}).
Finally, we also include a brief section that includes numerical regression results. The results in
Section 5.6 were generated using L2-regularized linear regression, also known as Ridge Regression.
Similarly to logistic regression, ridge regression allows for selection of a regularization parameter
λ which controls the complexity of the regression. Here, we select the regularization parameter
from {.01, .1, 1, 5, 10, 15, 20, 25, 30}. Kosinski et al. report performance in terms of Pearson’s r for
numerical regression results, and we follow that as well.
5 Experimental Results
This section shows the results of numerous experiments on the suite of Facebook user-Like prediction
problems described in Section 4.1, using the methodology and settings from Sections 4.2, 4.3, and
4.4. We compare DR-feature predictive performance versus full-feature predictive performance on
the 21 predictive tasks with varied settings: default regularization (hyper)parameters, k chosen
using nested cross-validation, and k plus the regularization parameters chosen using nested cross-
validation. We also repeat these experiments using different predictive modeling algorithms and
different DR techniques, show some preliminary results for alternative predictive tasks (numerical
regression and multiclass classification), and further validate our results on an additional six large,
sparse data sets.
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The results in this section provide strong evidence that modeling using DR features is not
generally a good idea for binary classification on large, sparse data. This leads to our core finding:
despite DR’s popularity, it should not be standard practice to use it for modeling as there is an
important class of problems where it decreases performance. Careful regularization can be more
universally beneficial than DR. This result holds across all of the DR techniques that we experiment
with, especially on easier predictive problems. However, for modeling algorithms that incorporate
feature selection, DR can improve performance over the original feature set, although this type
of feature set/modeling algorithm choice does not have the best overall performance. The results
in this section should be useful to both researchers and practitioners as they demonstrate that
undertaking such a comparison is necessary to achieve optimal predictive performance, and that
parameter choice can have dramatic effect when using DR for predictive modeling.
5.1 L2-LR with Default Regularization and Fixed k
The first set of experiments compare performance using scikit-learn’s default regularization settings
for L2-regularized logistic regression. Kosinski et al. do not discuss regularization in their paper;
here, performance on the k = 100 SVD feature set using the default regularization (L2-LR with
C = 1) is roughly comparable to theirs. To illustrate the overall extent to which SVD affects
predictive performance, Figure 1 plots the full-feature performance on the x-axis and the SVD
performance on the y-axis. Each point represents one prediction problem’s AUC pair. Points
above the y = x line on the plot are cases where SVD improves performance; points below are
where SVD decreases performance.
The first thing to notice is that SVD does indeed improve performance for many of the targets.
The Wilcoxon signed rank test (Wilcoxon et al. 1963) tests for the null hypothesis that pairs of
data points drawn from different populations have a median difference of zero. For these pairs of
points, the median difference is 0.01 and the resulting z score from applying the test is 0.886, which
means that we fail to reject the null hypothesis at p = .01, .05., and .1. These results imply that
overall, SVD neither helps nor hurts predictive accuracy. However, also note that there appear
to be several regimes within the distribution. Instances toward the far top-right of the plot are
actually hurt more than helped by SVD and vice-versa for instances at the bottom-left.
Delving more deeply into these results, notice that SVD tends to decrease performance for
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Figure 1: Comparing SVD versus full feature
set using LR with default regularization set-
tings. SVD neither helps nor hurts in general.
The benefit of SVD seems to relate to the diffi-
culty of the predictive modeling problem. The
z-score from Wilcoxon signed-rank test is 0.886
(not significant at p = .1).
Figure 2: The difficulty of the original predic-
tive problem strongly relates to the amount of
benefit from using SVD. When using default
regularization, easier predictive problems (with
high AUC on the full-feature task) have dimin-
ished predictive performance from using SVD;
SVD benefits harder predictive problems.
“easier” problems, that is, those for which the AUC using either feature set is relatively higher.
The results in Figure 2 bear this idea out. Figure 2 plots the difficulty of the predictive problem
versus the degree to which SVD improves predictive accuracy (SVD AUC - full-feature AUC). There
is a strong linear relationship between the two sets of points. This implies that for easier problems,
caution should be exercised when applying SVD to the feature set, as it may decrease performance;
however, for more difficult problems, SVD can improve predictive accuracy when using default
regularization settings. This is perhaps because the “more difficult” tasks suffer due to overfitting;
SVD in these cases reduces variance sufficiently to improve generalization performance.
5.2 Problem-specific Number of SVD Components
As is discussed above, correctly choosing k (the number of SVD components used as features in
predictive modeling) is crucial. Given the near-ubiquity of mentions of the importance of this
parameter, one might justifiably wonder whether the results in the last subsection were simply
due to a non-optimal choice for k. Thus, this section reports on a set of experiments using nested
cross-validation (Provost and Fawcett 2013) to select k. We continue to use L2-LR and the default
value for C for both feature sets in this section.
Figure 3 again plots the full-feature performance versus the SVD-feature performance, using
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nested cross-validation to select k within every fold for every predictive task instead of k = 100
for all SVD tests (as above). As would be expected, the results for SVD are slightly better this
time—that is, in most cases, treating k as a hyperparameter and selecting it carefully yields better
generalization performance. The median benefit from using SVD here is 0.012, and the z-score is
1.686 (significant at p = .1).
Figure 3: Comparing SVD versus full feature set
using default regularization settings and k se-
lected using nested cross-validation. SVD here
appears to perform slightly better relative to
full-feature performance than in Figure 1: the
z-score from the Wilcoxon signed rank test is
1.686 (significant for p = .1).
Figure 4: Relating the difficulty of the origi-
nal predictive problem to the amount of benefit
from using SVD, given task-specific choice of
k. Again, harder predictive problems here have
positive benefit from using SVD; this is not nec-
essarily the case for easier problems.
Also note that there still appear to be two regimes within the tasks shown in Figure 4. Once
again, more difficult predictive problems appear to be more likely to be improved with use of SVD,
while the opposite is true of easier predictive problems (those for which the full-feature AUC is
high). Even when choosing k using state-of-the-art predictive modeling techniques, SVD does not
necessarily help with predictive performance, especially on easier tasks. The lesson here should thus
be that utilizing SVD necessitates also selecting k through nested cross-validation (although such a
comparison does add to the total computation time). Of course, these results—while illuminating—
are subject to the symmetric criticism that the regularization parameters were not chosen well.
5.3 Problem-specific Regularization
While the prior result is itself useful, it draws to mind the intuition that SVD is implicitly performing
regularization as Shmueli and Koppius noted: that it can “reduce sampling variance (even at the
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cost of increasing bias), and in turn increase predictive accuracy” (Shmueli and Koppius 2011).
If one wants better “regularization,” it makes sense to move beyond the default regularization
settings for the predictive modeling. Thus, let us now repeat the experiments utilizing problem-
specific regularization as well as problem-specific choice of k. As mentioned in Section 4.4, logistic
regression’s performance can be dramatically affected by the choice of regularization parameter.
The state-of-the-art (S.O.T.A.) practice for selecting these parameters is nested cross-validation.
To do a full fair comparison of SVD versus full-feature performance, the experiments in this
subsection compare L2-LR’s predictive performance using SVD with both regularization parameters
and k chosen using nested cross-validation over a complete grid search covering every combination
of C and k (20 total possible combinations).
Figure 5: SVD versus full fea-
ture performance with regular-
ization settings (and k) selected
through nested cross-validation.
Here, SVD at best gives little
advantage and in many cases
significantly diminishes perfor-
mance: SVD is significantly
worse (z-score from Wilcoxon
signed-rank test is -3.076). This
result applies regardless of the
difficulty of the predictive task.
Figure 6: Relationship between
difficulty of the original pre-
dictive problem and amount of
benefit from using SVD, given
task-specific choice of k and reg-
ularization parameter C. The
slope is much lower than before;
choosing the regularization pa-
rameter carefully has a greater
effect on the full-feature perfor-
mance.
Figure 7: Improvement over de-
fault settings when using nested
cross-validation to select reg-
ularization parameters, when
modeling with the original fea-
ture set. While utilizing SVD
can result in diminished perfor-
mance for some tasks (depend-
ing on the difficulty of the orig-
inal task; see Figures 4 and 6),
choosing regularization param-
eters carefully only improves
performance.
Figure 5 plots the full-feature performance vs. the SVD-feature performance; however, this time
all models were built using nested cross-validation to select parameters and evaluate the results.
The figure shows that using S.O.T.A. predictive modeling, there is no clear benefit to using SVD at
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all. In fact, SVD decreases predictive performance in the majority of cases! Applying the Wilcoxon
signed-rank test, we obtain that the median difference is -0.012, z = -3.076, which is significant for
p < .01. Thus, we reject the null hypothesis—SVD does indeed hurt predictive performance.
With the addition of problem-specific regularization, there no longer appear to be two regimes
within the tasks. Similarly to in the last two sections, Figure 6 depicts the relationship between the
benefit from using SVD and the difficulty of the predictive problem. While there does still appear
to be a linear relationship, there are very few tasks that do benefit from using SVD features, and
for those tasks, the benefit is nearly zero.
This result is further illustrated in Figure 7, which shows the extent to which using nested cross-
validation to select C improves predictive performance over the default parameter when modeling
using the full feature set. Figures 4 and 6 demonstrate that while modeling using SVD features
can sometimes improve predictive performance for more difficult tasks, there is a danger that it
may also diminish performance. Similarly, Figure 7 also shows us that the benefit of task-specific
regularization parameter choice relates somewhat to the original task difficulty (easier problems
benefit less); however, unlike use of SVD features, more careful regularization never diminishes
performance! This is because complexity control via L2-regularization is supervised and therefore
relates directly to the predictive task at hand, while the SVD components are generated in an
unsupervised fashion and therefore may not relate well to any specific predictive task. Therefore,
it is both safer and more effective to use time and computational resources to careful selection of
regularization parameters rather than computation of SVD.
5.4 SVD vs. Feature Selection Methods
The results in the prior subsection investigate the benefits of using SVD in the context of L2-
regularized logistic regression. Other methods directly incorporate feature selection, a second type
of dimensionality reduction separate from the MF-based feature engineering that is the focus of our
initial analysis. Feature selection and feature engineering are both employed for complexity control
in predictive modeling and so they are ostensibly used for the same goal; however, it is important
to investigate the two in context because researchers frequently use them in conjunction. Thus, this
section replicates the experiments of Section 5.3 with L1-LR and Random Forest models replacing
L2-LR.
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Recall that L1-LR performs implicit feature selection by driving most features’ coefficients to
zero, resulting in sparse coefficient vectors. Figure 8 plots a comparison of full-feature performance
versus SVD performance using L1-LR for both, using nested cross-validation to search over both k
and C. Here, SVD performs significantly better than the full-feature models! The median benefit
from using SVD is 0.011, and the z-score from a Wilcoxon signed rank test is 2.485 (significant at
p = .05). It is worth noting that unfortunately the feature selection models tend to perform worse
than the full-feature L2-LR performed above. The mean AUC for L2-regularized logistic regression
with full features is .745, while the mean AUC for L1-LR with SVD features is .739.
Figure 8: SVD vs. full feature performance us-
ing L1-LR. SVD does provide substantial bene-
fit here: the median benefit from using SVD is
0.011, z =2.485.
Figure 9: SVD vs. full-feature performance us-
ing random forest models. The two are not sta-
tistically significantly different; but the perfor-
mance of both sets of models are worse than the
models built using either form of LR.
Similarly, Figure 9 compares full-feature performance vs. SVD performance using Random
Forest models. The median benefit from using SVD here is -0.004, z =-0.678 (not significant at
p = .1). There is not a significant difference between the two; however, note that RF has far worse
performance on average than the other two (mean AUC across 21 tasks is .710). Feature selection
is directly forced in RF models; if the poor performance of L1-LR could lead us to conclude that
feature select methods are not ideal for large, sparse behavioral data, then it makes sense that RF
models would perform even worse.
The relatively better performance of SVD in the context of feature selection models makes
some sense. Due to the sparse nature of the original features, a limited subset of them is not
likely to include all information available to train the best model. Because the SVD features each
include information from potentially all of the original features, perhaps the necessary information
24
Clark and Provost: Dimensionality Reduction in Predictive Modeling
Working paper CBA-16-01
(a) L2 logistic regression (b) L1 logistic regression (c) Random Forest
Figure 10: NMF features vs. full features, for various modeling algorithms.
is included even though the modeling algorithm selects a subset of the SVD components.
This section’s results using modeling methods that incorporate feature selection illuminate two
practical facts. First, when performed in conjunction with L1-LR or random forest modeling, DR
has better performance relative to the full feature set than it does when used with L2-LR. That is,
we can’t confidently conclude that DR is worse than the full feature set (although, neither can we
conclude that it is better!). Second, feature-selection-oriented methods in general do not perform
as well. L2-LR on the full feature set dominates all of the methods tried so far.
5.5 Other DR Methods
As discussed in Section 4.2, SVD is far from the only MF-based DR algorithm. We also include
results for NMF (Non-negative Matrix Factorization) and LDA (Latent Dirichlet Allocation).
Figure 10 replicates the experiments from Sections 5.3 and 5.4, with NMF replacing SVD. The
results are very similar to those found using SVD. With L2-LR, the median benefit from using
NMF is -0.013 and the Wilcoxon signed-rank test z =-3.945 (so, the full feature performance is
better at p = .01). With L1-LR, the median difference is 0.002, z =1.303 (not significant at p = .1).
Finally, for RF models, the median difference is 0.01, z =3.597 (NMF better at p = .01). We can
conclude that similarly to SVD, L2-LR performs better when using all original features, but that
modeling algorithms incorporating feature selection perform better when using DR features.
LDA also produces qualitatively similar results. Figure 11 again shows the DR feature vs. full
feature performance across modeling tasks, using the various modeling algorithms. For L2-LR, the
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(a) L2 logistic regression (b) L1 logistic regression (c) Random Forest
Figure 11: LDA features vs. full features, for various modeling algorithms.
median difference is -0.033, z =-3.841 (the full features are significantly better at p = .01). With L1-
LR the median is -0.012 and z =-0.643 (not significant at p = .1). For Random Forest models, the
median is -0.002 and z =0.782 (not significant at p = .1). Again, L2-regularized logistic regression
is better with the full features; we can’t conclude either feature set is better when modeling with
the other algorithms.
Note that the SVD performance is on average the highest out of the three DR techniques (with
L1-regularized logistic regression, the averages are .739 for SVD, .729 for NMF, and .716 for LDA).
This is perhaps because of the advantages listed in Section 4.2; additionally, NMF and LDA have
many more parameters that could be tuned other than k. These methods may be improved with
further tuning; of course, this would add to the computation time needed to use them.
This section’s experiments with the alternative DR methods NMF and LDA not only strengthen
our prior results regarding DR’s performance relative to the original features, they also provide
additional insights. Specifically, we still can’t conclude that DR features perform better than
original features; this additional preprocessing step frequently degrades predictive performance.
Further, none of the DR methods perform better than L2-LR on the full feature set. NMF and
LDA, if anything, perform worse than SVD and thus the additional complexity they introduce
(they are more time-consuming to compute and have more parameters to tune) is unnecessary.
Table 1 summarizes the performance of the various DR methods and modeling algorithms across
the 21 tasks in the Facebook data set. In general, L2-LR using the full feature set has the best
performance, and is significantly better than modeling with the DR features across all DR methods.
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Table 1: Summary of DR vs. full features, for various modeling algorithms and DR methods.
DR Method DR Features Full Features Not Sig. at α = .95
L2-LR
SVD X
NMF X
LDA X
L1-LR
SVD X
NMF X
LDA X
Random Forest
SVD X
NMF X
LDA X
Conversely, with the other two (feature-selection-based) modeling algorithms, either DR is better
or there is not a statistically significant difference. Because DR has marginal benefit at best, it
should perhaps be avoided in order to keep the predictive modeling process as simple as possible.
5.6 Other Tasks: Numerical Regression and Multiclass Classification
We have so far limited our analysis to classification problems with binary target variables, and
found that there is very strong evidence that DR provides little value at best for this task. As
examples of cases where DR might provide more value, it is worth investigating the efficacy of SVD
for a few different predictive tasks: numerical regression and multi-class classification. Fortunately,
the Facebook data set has 10 numerical target variables (which we had binarized for the previous
sections). Although we have not as done as deep of an investigation on these tasks, these more
limited analyses should provide intriguing avenues for future research.
Figure 12 shows Pearson’s r score for full features vs. SVD resulting from numerical modeling
via Ridge Regression for the 10 predictive tasks. The median benefit from SVD is .048 (and, in
fact, SVD performs better than the full feature set for all but one target variable), so it appears
that SVD does provide benefit for numerical regression.
In addition to numerical regression, the numerical target variables allow us to perform multiclass
classification by grouping instances into roughly equal-sized classes based on their numerical value.
Just as the results in prior sections grouped the instances into two classes, we grouped them into
four, eight, and sixteen classes for the results below. The performance reported is the average AUC
using one-versus-rest classification for each of the classes (with L2-LR using nested cross-validation
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to select regularization parameters and k). Intriguingly, it appears that SVD provides more benefit
as the number of classes in the data increases.
Figure 12: Pearson’s r score for numerical re-
gression: SVD vs. full features. SVD provides
positive benefit for all but one of the ten numer-
ical target variables.
Figure 13: Mean improvement in performance
by using SVD for various numbers of classes.
The amount of improvement that can be gained
by using SVD increases with the number of
classes in the data.
We hypothesize that the cause of the difference between these two tasks and binary classification
with respect to DR’s performance is the amount of variability in the target variable itself. Binary
classification has the fewest possible values for the target variable to take on. Although multiclass
classification and numerical regression are different (specifically, numerical regression orders the
instances while multiclass classification does not), they both yield more possible values for the
target variable. Since the primary reason for employing DR is to reduce predictive error from
variance, it makes sense that DR might provide more benefit to higher-variance tasks. Again, we
stress that these results are more limited than the deep investigation in the prior section, but serve
as preliminary examples of situations where DR might provide positive benefit.
5.7 Summary
This paper has done a thorough investigation of DR for binary classification on a testbed comprised
of predictive modeling tasks drawing from a particular testbed of instances and features. To ensure
the above results were not simply due to the choice of data set, we also replicated the same
experiments on five additional large, sparse behavioral data sets with associated binary prediction
tasks investigated by Junque´ de Fortuny et al. (2013): predicting users’ ages based on books rated
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Figure 14: Each chart plots L2-regularized logistic regression performance versus each of the other
feature set/modeling algorithm combinations. Points falling below the y = x line are where L2-LR
on the full feature set dominates. Clearly this method is superior to every other combination of
feature set and modeling algorithm in terms of predictive performance.
(Ziegler et al. 2005); predicting users’ genders based on movies rated;11 predicting users’ ages based
on products purchased;12 predicting whether a URL is malicious based on website features (Ma
et al. 2009); and predicting volume of comments on pictures based on which users have “favorited”
them (Cha et al. 2009).13 Across these tasks, the models built using the original feature sets
generally had better performance than those built using any DR feature sets. We have included
the performance on these tasks below in the summary charts, but show individual results across
the three modeling algorithms broken out by DR method, in Appendix B, Figure 1.
Thus, we are able to do a complete comparison of all predictive modeling methods across all of
the tasks (21 Facebook modeling tasks and 5 from the other data sets). Figure 14 shows the L2-
regularized logistic regression performance using the full feature set versus performance for each of
the other DR-type and modeling algorithms. These results emphasize that using the full feature set
yields superior performance, especially for L2-LR. Thus, we can recommend L2-LR as the default
baseline method of choice when doing binary classification with large, sparse behavioral data.
Table 2 shows the average performance for every type of feature set, across the three modeling
algorithms explored, for each classification task. A result that immediately stands out is that L2-
LR has the best performance in the majority of tasks: 14 out of the total 26. This method also
has the highest average AUC across all tasks (.754), and the lowest average rank among the 12
11
http://webscope.sandbox.yahoo.com/
12
http://recsyswiki.com/wiki/Grocery_shopping_datasets
13A listing of the sizes of these data sets, the number of nonzero elements, and the base rates can be found in
Appendix A, Table 3.
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feature/method combinations (2.27). Among the DR feature sets, SVD shows the best performance,
especially when used with L1-LR; it had the best performance in 6 classification tasks, the second
highest mean AUC (.747), and the second-lowest rank (2.88) (although is important to note that
5 of those 6 tasks were very similar: they comprise the “Big 5” personality test survey items and
were generated using the exact same set of individuals).
These two sets of results enable us to make some conclusions that should prove useful for those
wishing to use DR in predictive modeling. First, for the best performance overall, use L2-LR with
the full feature set. If it is desirable to use matrix-factorization-based DR for any of the other
benefits mentioned in Section 3.1 (such as potential data set compression or reduced modeling
time), SVD is the superior method, and it performs best if L1-LR is the modeling algorithm used.
Similarly, L1-LR is the best feature-selection-based modeling algorithm on these data, and it works
best when paired with features generated by SVD (rather than the full feature set).
6 Discussion and Conclusions
Our review of the literature establishes that dimensionality reduction is both recommended for
and used with the goal of improving predictive performance in applied data science research in
Information Systems. This improvement may be achieved through a reduction in the error due
to variance in modeling. However, we find that DR’s use is often not well justified, in that users
don’t do (or at least don’t mention) a comparison against modeling with the original full set of
features using standard complexity control (which also attempts to control error due to variance).
This misuse of DR is a direct violation of one of the basic principles of design science: the baseline
design for a system should be the simplest one, and the addition of more complexity should be
undertaken with caution. In our case, the simpler design is one that utilizes only regularization for
complexity control; adding DR to the system increases its complexity.
This lack of understanding is particularly troubling in light of the results of our empirical
comparison, and thus our thorough treatment of DR in the predictive modeling process as a design
science artifact is necessary and will be highly useful to applied data science researchers and industry
practitioners alike. The experiments in this paper comprise a comparison on a test-bed comprising
21 binary classification tasks using an intriguing set of Facebook data as well as five supplementary
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Table 2: Rank Comparison across all methods, for all target variables and feature sets. L2-LR using the full feature set is the best method
for the majority of tasks (14 out of 26); L1-LR using the SVD feature set also performs relatively well—best for 6 tasks (although, note
that five of these six tasks are very closely related as they come from the same survey item and were answered by the exact same set of
users) Note that presenting results in this fashion stands the risk of a severe multiple comparisons problem: comparing all other results
to those from L2-LR means that at least one of those methods may be superior by chance. Even so, the results are striking.
Full SVD NMF LDA
L2 L1 RF L2 L1 RF L2 L1 RF L2 L1 RF
Gender 0.951 0.944 0.894 0.907 0.929 0.86 0.882 0.903 0.893 0.86 0.86 0.843
Relationship 0.66 0.658 0.645 0.65 0.653 0.642 0.637 0.64 0.644 0.627 0.629 0.641
Gay 0.908 0.886 0.855 0.889 0.894 0.831 0.886 0.889 0.882 0.862 0.865 0.848
Lesbian 0.819 0.797 0.758 0.765 0.781 0.666 0.758 0.761 0.767 0.757 0.763 0.735
Parents at 21 0.657 0.574 0.622 0.647 0.654 0.631 0.644 0.652 0.655 0.671 0.673 0.658
Ethnic 0.85 0.81 0.78 0.825 0.881 0.785 0.838 0.867 0.834 0.754 0.802 0.883
Smoker 0.759 0.707 0.709 0.762 0.76 0.724 0.754 0.753 0.747 0.722 0.728 0.725
Drinker 0.766 0.693 0.711 0.743 0.767 0.73 0.75 0.748 0.748 0.731 0.732 0.732
Drugs 0.756 0.707 0.704 0.751 0.757 0.723 0.748 0.758 0.754 0.723 0.742 0.755
Political 0.875 0.861 0.843 0.863 0.873 0.817 0.864 0.87 0.857 0.843 0.847 0.834
Religion 0.935 0.932 0.891 0.918 0.91 0.884 0.937 0.941 0.929 0.938 0.946 0.945
Network Density 0.628 0.601 0.594 0.61 0.617 0.627 0.594 0.599 0.625 0.592 0.59 0.613
Age 0.905 0.891 0.869 0.866 0.889 0.865 0.862 0.877 0.872 0.856 0.856 0.864
Friend Count 0.765 0.752 0.736 0.742 0.745 0.723 0.726 0.734 0.729 0.711 0.713 0.719
IQ 0.675 0.62 0.635 0.644 0.643 0.641 0.63 0.641 0.652 0.626 0.637 0.635
SWL 0.593 0.551 0.559 0.587 0.584 0.579 0.575 0.562 0.56 0.579 0.582 0.568
Openness 0.674 0.671 0.666 0.674 0.679 0.655 0.662 0.671 0.669 0.655 0.657 0.662
Conscientiousness 0.621 0.62 0.622 0.628 0.631 0.62 0.62 0.624 0.629 0.615 0.618 0.627
Extraversion 0.639 0.636 0.624 0.641 0.645 0.617 0.63 0.633 0.629 0.616 0.619 0.617
Agreeableness 0.6 0.598 0.59 0.607 0.61 0.582 0.594 0.599 0.591 0.582 0.584 0.581
Emotional Stability 0.603 0.602 0.596 0.611 0.612 0.589 0.6 0.603 0.598 0.589 0.593 0.588
Book 0.652 0.619 0.624 0.624 0.628 0.629 0.59 0.634 0.646 0.554 0.553 0.569
Flickr 0.809 0.784 0.786 0.775 0.8 0.814 0.79 0.812 0.815 0.757 0.757 0.752
Movies 0.808 0.79 0.769 0.785 0.795 0.741 0.788 0.783 0.768 0.695 0.693 0.693
Ta-Feng 0.704 0.683 0.677 0.69 0.694 0.654 0.676 0.679 0.677 0.616 0.616 0.608
URL 0.998 0.997 0.985 0.995 0.997 0.992 0.989 0.996 0.996 0.91 0.91 0.967
Wins: 14 0 0 1 6 0 0 1 1 0 2 1
Mean AUC: 0.754 0.73 0.721 0.738 0.747 0.716 0.732 0.74 0.737 0.709 0.714 0.718
Mean Rank: 2.27 6.42 8.5 4.62 2.88 8.62 7.04 4.96 5.5 10.0 8.69 8.5
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data sets. The results not only enable us to make numerous practical conclusions related to DR’s
use in predictive modeling and predictive modeling in general, but also yield a valuable lesson in
the design of data science systems.
When modeling using L2-regularized logistic regression, utilizing default regularization settings
and with a fixed value for k, DR tends to improve performance for harder predictive problems
and diminish performance for easier ones. Choosing k using nested cross-validation improves the
modeling performance when using the DR features; however, the same dichotomy still exists: DR
helps on harder problems and hurts for easier ones. Carefully selecting regularization parameters in
modeling (again, through nested cross-validation) improves performance for both the full-feature
and DR models; however, conducting careful regularization erases any advantage that modeling
with the DR features has, even on harder problems. That is to say, utilizing DR to reduce variance
can lead to diminished performance over the baseline of the full feature set with default regular-
ization parameter (especially on easier tasks). On the other hand, utilizing nested cross-validation
to carefully perform supervised regularization generally does not: on our test-bed, careful regu-
larization did not diminish performance for any of the 21 predictive tasks. These results are not
limited to SVD: results using NMF and LDA to accomplish DR are qualitatively similar. In fact,
full-feature modeling performs statistically significantly better than modeling using any of the three
DR methods when nested cross-validation is used to select both regularization parameters and k.
Methods that incorporate feature selection (L1-LR and Random Forests) show different perfor-
mance. For such models, the DR features perform better than the full feature sets (or at least, not
worse; the results are not statistically significant for random forest models). This is not entirely
due to an improvement in the SVD performance; the full-feature performance is substantially worse
for the L1-LR and RF models than it is for L2-LR. These results hold for NMF and LDA as well.
We therefore draw a few further interesting conclusions: feature selection (itself a form of DR, as
we discuss in Section 2) works surprisingly poorly on large, sparse data. Conversely, L2-regularized
logistic regression using the full feature set is hard to beat, especially when the regularization hy-
perparameter is chosen carefully. Second, SVD consistently has the best performance out of the
three methods that we used and so is a good default option for when DR is desirable or necessary.
The results in this paper are largely limited to one sort of data (large, sparse data mainly
generated by human behavior), and one type of predictive modeling task (binary classification).
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This particular combination of data type and task is quite common in the predictive modeling
literature as well as in industry use, and our results are relatively conclusive; however, we do not
mean to imply that DR will not work for any data type or modeling task. In Section 5.6, we show
preliminary results for a few other predictive tasks where DR does seem to add substantial value:
numerical regression and multi-class classification. However, the results from Section 5.6 should
be taken as the basis for future work rather than a comprehensive study due to the more limited
nature of the investigation and smaller number of data points.
Our results should be taken as guidelines for anyone doing predictive modeling, and anyone
considering using DR in particular. We suggest a clear baseline to try when performing binary
classification with large, sparse behavioral data: L2-regularized logistic regression. When doing
the modeling, careful regularization is key, and should be done using nested cross-validation. If
it is absolutely necessary to utilize DR for predictive modeling (perhaps for reasons unrelated to
performance, such as the ones we list in Section 3.1), SVD should be the default method of choice,
and it is best to use a modeling algorithm that uses feature selection such as L1-regularized logistic
regression; however, be especially cautious for easier predictive tasks.
The core contribution of this paper can be summarized as a basic lesson in design science
principles: exercise caution when adding complexity via a dimensionality reduction step to the
predictive modeling process, even if one feels confident that DR will benefit the performance. We
have both established that this principle is frequently violated in the predictive modeling literature,
and that this violation is a mistake that can lead to less strong results than might otherwise be
possible. However, it is important that our results don’t cause other researchers to make the same
mistake in reverse! We show a few classes of predictive tasks—numerical regression and multiclass
classification—where DR does add value, further supporting our main message: don’t rely on
intuition or results in other contexts, but compare design alternatives carefully.
Predictive modeling is an important IS artifact. There are a multitude of major and minor
variants and modifications that can be made to the process. Unless there is a very good reason,
applied researchers and practitioners should keep the process as simple as possible so as not to
inadvertently harm predictive performance or do unnecessary computations.
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Task K’s n Our n Our d Base Rate K’s AUC Our AUC
Single vs. In Relationship 46,027 162,980 179,605 47% .67 .63
Parents together at 21 766 2,088 84,813 50% .6 .63
Smokes Cigarettes 1,211 3,690 118,643 25% .73 .77
Drinks Alcohol 1,196 3,667 118,604 51% .7 .74
Uses drugs 856 2,711 104,869 17% .65 .77
Caucasian vs. African American 7,000 2,645 100,506 95% .95 .83
Christianity vs. Islam 18,833 3,625 105,023 95% .82 .92
Democrat vs. Republican 9,752 12,936 147,759 59% .85 .86
Gay 25,813 167,307 5% .88 .86
Lesbian 30,087 173,375 3% .75 .73
Gender 57,505 210,004 179,605 61% .93 .87
Table 3: Data details for binary target variables
Target n d Threshold Base Rate
Satisfaction with Life 6,512 141,815 5 37%
Intelligence 6,129 137,558 115 49%
Emotional Stability 173,109 179,443 2.75 54%
Agreeableness 173,109 179,443 3.6 50%
Extraversion 173,109 179,443 3.56 50%
Conscientiousness 173,109 179,443 3.5 52%
Openness 173,109 179,443 4 51%
Network Density 46,265 178,914 .05 25%
Number of Friends 171,789 179,402 334 25%
Age 185,692 179,605 30 24%
Table 4: Data details for numeric target variables.
A Tables
Table 3 shows the amount of data available at the time of publication of Kosinski et al. (2013)
versus the number of users and Likes currently available for each binary target variable and the
base rates for each of these variables. We also include the AUC obtained by Kosinski et al. versus
the AUC we obtained when running our experiments with default regularization and k settings.
Table 4 shows the number of users and Likes for which there is labeled data for each numerical
target variable, the thresholds for denoting positive versus negative instances, and the base rates.
To ensure that the results are not just limited to the particular choice of the Facebook Likes
dataset, we also replicate the experiments on an additional five large, sparse behavioral data sets
with associated binary prediction tasks (Junque´ de Fortuny et al. 2013). The tasks associated with
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Num Features Num Instances % Nonzero Entries Base Rate
Book 62,107 285,089 .0047% .46
Flickr 100,000 88,787 .0035% .27
Movies 7,619 11,916 .23% .29
Ta-Feng 32,266 23,812 .10% .54
URL 100,000 358,073 .03% .33
Table 5: Characteristics of new “Big Data” datasets.
each data set are:
1. Book-Crossing: predicting users’ ages based on books rated (Ziegler et al. 2005).
2. Yahoo Movies: Predicting users’ genders based on movies rated.14
3. Ta-Feng: Predicting users’ ages based on products purchased.15
4. URL: Predicting whether a URL is malicious based on website features (Ma et al. 2009).
5. Flickr: Predicting volume of comments on pictures based on which users have “favorited”
them (Cha et al. 2009).
A listing of the sizes of these data sets, the number of nonzero elements, and the base rates can
be found in Table 5.
B Supporting Graphs
Figure 15 shows the performance for the additional datasets: Book-Crossing, Movies, Ta-Feng,
URL, and Flickr.
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